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Abstract: Aboveground biomass (AGB) is one of the key indicators of aboveground net primary productivity (ANPP). The aim of this
study is to demonstrate the potential of hyperspectral remote sensing techniques to predict AGB in grasslands. In order to reach this
goal, biomass properties with different ecological features and altitudes of 550 m, 1200 m, and 1400 m above sea level were investigated.
Twenty-one biomass samples and hyperspectral measurements were collected from each region and a total of 63 samples were analyzed.
Linear and nonlinear regression models were generated to analyze the relationships between biomass and hyperspectral vegetation
indices (VIs). The results showed strong relationships between VIs and biomass variations. However, dense biomass samples indicated
weaker relationships with VIs due to saturation phenomena. Findings based on the measured data showed that AGB (except dense
biomass) can be estimated with high accuracy using hyperspectral vegetation indices.
Key words: Biomass, hyperspectral remote sensing, ratio-based vegetation indices, grasslands, Kahramanmaraş

1. Introduction
Grasslands are geographically unique and ecologically
and agroeconomically significant, covering roughly 25%
of the terrestrial landscape of the earth and sustaining
a considerable amount of carbon. These valuable areas
contribute greatly to biomass production and play an
important role in biochemical cycles (Guo et al., 2005).
Grasslands, which are among the richest ecosystems of the
earth in terms of species diversity, provide an important
habitat for wildlife (Xu et al., 2014). It is estimated that
approximately 20% of terrestrial net primary production
is carried out by grasslands alone (Psomas, 2008) and
more than 10% of the earth’s carbon stocks are stored
in these areas. Grassland areas are experiencing quick
and significant modifications in composition, character,
structure, and size driven by human-related activities,
such as agricultural activities and cattle and sheep grazing.
These drastic and continuous alterations widely affect the
ecological and socioecological functioning of vegetative
systems. The grasslands of Turkey are particularly at risk
of extensive modification due to human-related activities
along with climatic variations.1 Thus, quantification and

characterization of the types and conditions of grasslands
are required for the sustainable use of such resources and
for better understanding the impact of changes in these
areas via technology-based approaches (May et al., 2010;
Dusseux et al., 2015).
Biomass is the most important component of these
complex ecological processes in grasslands. The concept
of biomass is used to express both the aboveground and
belowground mass of vegetation as a whole. However,
researchers are mostly focused on the biomass aboveground.
One of the main reasons for this is the difficulty of
collecting belowground data (Slow, 2012; Yavaşlı, 2012),
but another important reason is that aboveground biomass
is considered one of the most important indicators of
aboveground net primary productivity (ANPP). For this
reason, researchers are more interested in research on
aboveground biomass (hereafter referred to as biomass)
with every passing year (Todd et al., 1998; Cho et al., 2007;
Shen et al., 2008; Mundava et al., 2014).
Data from remote sensing systems provide an effective
tool compared to techniques of ground-based data
collection and archive information about the conditions
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of landscape-scale vegetation (Guo et al., 2000; Cho et
al., 2007). Because of their incessant repetitive nature,
remote sensing data are useful for monitoring changes in
grasslands, such as plant types, biomass, carbon storage,
and canopy structure over a longer time span. Moreover,
remotely sensed data can be recorded at more variable
temporal and spatial scales than what is commonly
accomplished with field studies (Adam et al., 2010).
Traditional methods of field-based data collection are
time-consuming, expensive, and labor-intensive. These
traditional techniques can also provide only point-based
data, which are usually not enough to cover the entire
habitat. In contrast, remote sensing is an economical way
to monitor grassland areas because it can cover large areas
in a short time on a recurring basis (Özesmi and Bauer,
2002; Karabulut and Ceylan, 2005; Adam and Mutanga,
2009; Adam et al., 2010). Therefore, scientists and resource
managers are interested in studying grasslands using such
data because this method provides continuous data to
the desired extent. Several studies demonstrated that the
examination of medium-resolution satellite data (such as
Landsat TM, SPOT) can successfully provide the ecologic
conditions of these areas (May et al., 2010; Dusseux et al.,
2015).
Nevertheless, in heterogeneous or nonuniform
grassland areas, remote sensing techniques are sometimes
delimiting and only rely on medium-resolution data to
collect information about grassland characteristics, such
as aboveground biomass, type, canopy structure, and
photosynthetic activity (May et al., 2010; Dusseux et al.,
2015). The incorporation of close-range data, which are
collected by a field spectroradiometer, potentially offers
the ability to bridge the scale gap between plot field studies
and larger spatiotemporal analysis, which rely on fine- to
medium-resolution imagery (Gilmore et al., 2008; Adam
et al., 2010). Developments in remote sensing technologies
in recent years have created opportunities to provide
faster and cheaper data in larger areas as an alternative
to conventional biomass research, which has led many
investigators to focus on biomass studies (Todd et al., 1998;
Guo et al., 2000; Cho et al., 2007; He et al., 2009; Mundava
et al., 2014: Dusseux et al., 2015). In these studies, where
both field measurements and remote sensing data are
used together, the aim is to investigate the relationship
between biomass characteristics of plants and light, and
to make biomass estimation in grasslands based on these
relationships (Barrachina et al., 2015).
Changes in grassland conditions and aboveground
biomass require repeated quantification of vegetation
activities based on spectral properties. Furthermore,
integration of spectroradiometric data with field methods
into the analyses of grasslands holds the potential to
establish a relationship between aboveground biomass
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and spectral reflectance, which provides signatures of
grassland plant conditions (Yunxiang et al., 2014).
In the last several years, ground-gathered spectral
reflectance data are being used to produce signatures of
vegetation from grasslands by many scientists to estimate
aboveground biomass (Yunxiang et al., 2014). The spectral
signatures of plants derived from a field spectroradiometer
are considered to represent high-quality data, in which
the reflected light does not pass through the atmosphere
twice before reaching the sensor. Some other research
studies were concerned with the discrimination of plant
types, chlorophyll content, carbon storage, and leaf
arrangements using close-range spectral data (particularly
over controlled experimental quadrats) (Kang et al., 2012).
These research studies are essentially based on 2
different approaches: a physically based approach and a
statistical approach (Liang, 2004). The physically based
approach, also known as the analytical approach, is a
deductive form of research and assumes that the light that
hyperspectral sensors perceive is influenced by canopy
characteristics such as canopy architecture, structure,
and composition (He and Mui, 2010). In other words, it
produces models by evaluating the behavior of the light
in the canopy by using the laws of physics (Liang, 2004).
In order to construct these models called radial transfer
models, many physical conversion techniques are used,
such as numerical optimization methods (Meroni et al.,
2004), look-up tables (Dorigo et al., 2009), and artificial
neural networks (Darvishzadeh, 2008; Sehgal et al., 2016).
The statistical approach, also known as the empirical
approach, is an inductive form of research that explores
whether there are consistent correlations between
variables obtained by field measurements and spectral
data. These studies require measurements on different
terrain conditions, different vegetation characteristics,
and different phenological periods (Darvishzadeh, 2008).
This is because the consistency of statistical relationships
is closely related to the accuracy and measurement
conditions of land measurements (Psomas, 2008). In the
statistical approach, univariate (Elvidge and Chen, 1995;
Mundava et al., 2014) and multivariate regression models
(Hansen and Schjoerring, 2003) are the most frequently
preferred methods.
Although both approaches (statistical/physical) are
widely used in biomass research, each has its advantages
and disadvantages. For example, methods used in the
statistical approach produce more detailed information
in smaller areas, while the applicability of these results in
large areas is limited. In the physical approach, using all
spectral reflections, the transformation models produced
in the surface reflection of anisotropy (opposite direction)
reveal a more powerful theoretical background (scientific
basis) to this approach (Sehgal et al., 2016). Besides the
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complexity of canopy radiation in the interaction processes,
the difficulties in choosing an appropriate transformation
model are also limiting factors in the use of this approach.
In this study, the main goal was to investigate
the relationship between spectral characteristics and
aboveground biomass of grasslands using in situ data
collected by a handheld spectroradiometer and other
field methods. The specific aim of this study is to evaluate
hyperspectral vegetation indices with a statistical
approach to their performance in green biomass estimates
in grasslands. The research questions in this context are as
follows: (1) Which hyperspectral vegetation index has the
highest correlation with biomass? (2) How do the grassland
characteristics affect biomass estimates? Emphasis is
given to the strong relationship between aboveground
biomass and spectral reflectance values. The results will
be important for the development of appropriate remote
sensing techniques for mapping and monitoring grassland
habitat health and functioning.
2. Materials and methods
2.1. Study area
The emergence of different ecological conditions at
different elevation stages is influential on the biophysical
and biochemical structures of the vegetation (Warell,
1987). For this reason, the elevation factor was taken as
the basis for selection of the study areas. The study was
conducted in the Eastern Mediterranean Region of Turkey
in Kahramanmaraş Province with elevations ranging from
500 to 1400 m. Test areas were determined from three
different elevation steps. These areas are as follows: site
1 is located south of the Kahramanmaraş Sütçü İmam
University campus with approximately 500 m elevation; site
2 is located approximately 50 km from the Kahramanmaraş
city center, approximately 1200 m elevation; and site 3 is
located on the western side of Başkonuş Mountain with an
elevation of about 1400 m (Figure 1). The three different
grassland types were selected because of their differences
in species composition and nutrient availability. These
differences allowed the collection of a wider range of
biomass samples (Psomas et al., 2011). The test areas are
used mainly as pastures.
The climate of the study area is typically Mediterranean,
characterized by hot and dry summers and cool and
rainy winters. In accordance with the Mediterranean
precipitation regime, the highest precipitation occurs
during winter and the least precipitation falls in summer.
However, there are differences between the test areas
due to differences in elevation, air masses, orographic
characteristics, and special locations. At the meteorological
station of Kahramanmaraş, which is closest to the study
area located at ~500 m, average annual precipitation is
709.8 mm and annual average temperature is about 16.7

°C. At the meteorological station (Andırın station) closest
to the study areas located at ~1200 and ~1400 m, average
annual precipitation is 1522.7 mm and annual average
temperature is about 13 °C (Karabulut and Cosun, 2009).
According to the Thornthwaite climate classification,
the Kahramanmaraş station (C2 B’3 s2 b’3) is semihumid
and third-degree mesothermal, with very strong water
deficiency in summer and close to marine conditions; the
Andırın station (A B’2 s b’4) is very moist and second-degree
mesothermal, with moderate water deficiency in summer
and close to sea conditions (Karabulut and Cosun, 2009).
The amount of precipitation at both stations is highest in
winter and lowest in summer.
These geographical differences also directly affect
the floristic character of the grasslands. The majority of
the specimens were identified with the help of “Flora of
Başkonuş Mountain (Kahramanmaraş)” (Varol, 2003).
The dominant plant species at study area site 1 is Hordeum
bulbosum L., and Agropyron sp., Convolvulus cantabrica L.,
Adonis microcarpa DC., Lactuca sp., and Fibigia eriocarpa
(DC.) Boiss. are also found in this community. Site 2 is
dominated by Trifolium sp., Bromus arvensis L., Secale
sp., Bellis perennis L., Bromus arvensis L., Taraxacum
crepidiforme DC. subsp. crepidiforme, and Trifolium sp. At
site 3, the dominant communities are Hordeum bulbosum
L., Secale sp., Aegilops speltoides Tausch var. speltoides,
and Trifolium sp. In addition, Agropyron sp., Cynosurus
echinatus L., and Poa pratensis L. are mixed.
These test areas, which represent distinct contrasts
in terms of plant composition and condition, are
hydrologically and ecologically connected in varying
degrees to the surrounding areas. Sensitive balances that
maintain grasslands and associated grazing lands will
almost certainly be affected by human activities and natural
processes (such as climate variations and overgrazing) that
increase risks in the area. Three test areas are selected to
assess aboveground biomass production. These areas
are composed of different above-mentioned species. As
expected, some species do not represent much biomass on
a unit area basis but cover a much larger area than others.
Being located between cultivated land and forest, the
second test area may suffer from human interventions due
to proximity to villages and other settlements.
2.2. Field data collection
Field data collection was done in March (for site 1), April
(for site 2), and May (for site 3) of 2016, when vegetation
activity peaked (Karabulut, 2006). The research was
conducted on selected separate quadrats. Standing and
lying litters were not removed from the stands prior
to the spectral measurements. To facilitate repetitive
sampling during the measurements, 50 × 50 cm quadrats
were established in a portion of each test area to make
measurements and collect samples. The locations of the
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Figure 1. Location map of study area.

quadrats were selected to be within portions of the test areas
presenting a different canopy structure. Measurements
provided equal sampling replicates on each sample date.
For each sampling site (sites 1, 2, and 3), 21 different test
areas were chosen by a purposive sampling method (n =
63). The initial phase of the study was the collection of
spectral signatures from the identified test areas. An ASD
FieldSpec (handheld) spectroradiometer was used for
this purpose. The spectral range of the device is between
325 and 1075 nm and it has the capability of measuring
at intervals of 1 nm. Thus, in each measurement, data
were collected in 751 bands. There is a 25° optic on the
device. For this reason, the measurements were made at
approximately 75 cm above the canopy to standardize the
units of measure. The instantaneous field of view (IFOV)
was calculated with the following equation:			
						
𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 𝑑𝑑 = ℎ× (𝑇𝑇𝑇𝑇𝑇𝑇 𝑎𝑎)
						(1)
Here, d is the diameter of IFOV, h is the height of the
optic above the target, and a is the angle of optic (Lillesand
and Keifer, 1994).
Weather conditions are very important for successful
collection of spectral data. For this reason, measurements
were made on sunny, windless, and cloudless days. The
data collection process was completed between 10:00 and
14:00 hours to maximize solar illumination and minimize
reflectance anomalies due to low sun angles (Karabulut,
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2018). In addition, calibrations were performed using
a white calibration panel (Spectralon) for about 10–15
measurements to prevent any errors that might occur
due to changes in light conditions. During the field study,
9 measurements were taken in each quadrat. In the data
analysis phase, these were recorded as spectral data of the
quadrat measured by averaging 9 measurements. Thus,
it was aimed to minimize the negative effects such as
movement in plants or trembling of the device.
After completion of the above-mentioned measurement
processes, the vegetation of the quadrats was cut off from
the ground level. A Bosch ISIO3 handheld grass trimmer
was used for the cutting procedure. The vegetation samples
were placed in storage pouches, labeled, and moved
quickly to a laboratory environment. In the laboratory
environment, the weighing process was performed using
a sensitive scale (0.01 g). An electronic precision scale was
used for this process. The resulting value of this process
was recorded as green biomass for each quadrat (Guo et
al., 2005).
2.3. Vegetation indices
In order to achieve more successful results in biomass
estimates, researchers continue to develop new indices
every day (Zhang et al., 2017). However, ratio-based
indices, also known as traditional vegetation indices, are
still widely used because they are still powerful tools for
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describing variations in biomass. The best known of these
are the simple ratio indices (SRs) used by Jordan (1969)
and the normalized difference vegetation indices (NDVIs)
used by Rouse et al. (1973) (Roberts et al., 2011; Herbei

and Sala, 2015); see Table 1. These indices are traditionally
based on the proportion of red and near infrared bands
and are now also applied as the proportion of different
regions of the electromagnetic spectrum (Yu et al., 2017).

Table 1. Vegetation indices tested in this study.
Simple ratio-based (SRs)

Equation

Reference

SR (415, 710)

𝜌415 / 𝜌710

Tan et al. (2013)

𝜌750 / 𝜌550

Gitelson and Merzlyak (1996)

𝜌800 - 𝜌550

Buschman and Nagel (1993)

𝜌810 / 𝜌560

Xue et al. (2004)

SR (415, 695)
SR (550, 750)
SR (550, 800)
DI1 (550, 800)
SR (550, 801)
SR (560, 810)
SR (650, 675, 700)

𝜌415 / 𝜌695

Read et al. (2002)

𝜌800 / 𝜌550

Buschman and Nagel (1993)

𝜌801 / 𝜌550

Daughtry et al. (2000)

𝜌675 / (𝜌700 × 𝜌650)

Chappelle et al. (1992)

𝜌750 / 𝜌705

Sims and Gamon (2002)

𝜌740 / 𝜌720

Vogelmann et al. (1993)

𝜌780 / 𝜌740

Mistele and Schmidhalter (2010)

𝜌675 / 𝜌700

Chappelle et al. (1992)

𝜌750 / 𝜌710

Zarco-Tejada et al. (2001)
Tan et al. (2013)

SR (740, 780)

𝜌760 / 𝜌730

NDVI-based (NDVIs)

Equation

Reference

(𝜌573 – 𝜌440) / (𝜌573 + 𝜌440)

Hansen and Schjoerring (2003)

(𝜌531 – 𝜌570) / (𝜌531 + 𝜌570)

Sims and Gamon (2002)

(𝜌750 – 𝜌550) / (𝜌750 + 𝜌550)

Gitelson and Merzlyak (1996)

(𝜌801 – 𝜌550) / (𝜌801 + 𝜌550)

Daughtry et al. (2000)

(𝜌750 – 𝜌705) / (𝜌750 + 𝜌705)

Sims and Gamon (2002)

(𝜌970 – 𝜌900) / (𝜌970 + 𝜌900)

Prasad et al. (2007)

(𝜌970 – 𝜌920) / (𝜌970 + 𝜌920)

Prasad et al. (2007)

SR (675, 700)
SR (705, 750)
SR (710, 750)
SR (720, 740)
VIopt1 (730, 760)

NDVI (440, 573)
NDVI (531, 550)
NDVI (531, 570)
NDVI (533, 565)
GNDVI (550, 750)
NDVI (550, 780)
NDVI (550, 801)
DD (670, 700, 720, 750)
NDVI (705, 750)
NDVI (708, 760)
NW-1 (900, 970)
NW-2 (850, 970)
NW-3 (920, 970)
NW-4 (880, 970)
NDI1 (680, 710, 780)
NDI2 (680, 710, 850)
NDI3 (715, 726, 734, 747)

(𝜌550 – 𝜌531) / (𝜌550 + 𝜌531)

Gamon et al. (1992)

(𝜌565 – 𝜌533) / (𝜌565 + 𝜌533)

Tian et al. (2011)

(𝜌780 – 𝜌550) / (𝜌780 + 𝜌550)

Tan et al. (2013)

(𝜌750 – 𝜌720) / (𝜌700 – 𝜌670)

Le Maire et al. (2004)

(𝜌760 – 𝜌708) / (𝜌760 + 𝜌708)

Tan et al., (2013)

(𝜌970 – 𝜌850) / (𝜌970 + 𝜌950)

Prasad et al. (2007)

(𝜌970 – 𝜌880) / (𝜌970 + 𝜌880)

Prasad et al. (2007)

(𝜌850 – 𝜌710) / (𝜌850 - 𝜌680)

Mulla (2013)

(𝜌780 – 𝜌710) / (𝜌780 - 𝜌680)

(𝜌734 – 𝜌747) / (𝜌715 + 𝜌726)

Mulla (2013)
Mulla (2013)
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In this study, simple ratio-based (SRs) and NDVImore than 2000 g/m2 of biomass. The coefficient of
based (NDVIs) vegetation indices were constructed
determination (R2) also revealed how much vegetation
indices explained the changes observed in green biomass.
from the spectral data obtained from field work and the
Then root mean squared error (RMSE) and mean
performances of these indices in biomass estimates were
relative estimation error (REE) were calculated to measure
evaluated. In this context, 14 randomly selected SRs and
the precision of the models. The following equations are
17 randomly selected NDVIs (total of 31 indices) from
used in RMSE, REE, and precision calculations (Jin et al.,
the literature (Yu et al., 2012) were analyzed to test the
2014).
performances for predicting grassland biomass.
							
2.4. Data analysis
(!! !!!! )!
						
(3)
Spectral curves are a convenient way of visualizing the
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
!
							
photosynthesis activity of vegetation (Karabulut et al.,
							
2014). For this reason, spectral measurements made in
						
quadrats were converted to plant reflection graphs and
𝑌𝑌! − 𝑌𝑌!! /𝑌𝑌!! !
𝑅𝑅𝑅𝑅𝑅𝑅
=
						(4)
used for visual interpretation. As a first step in this process,
𝑁𝑁
							
the radiance data were converted into reflectance values.
							
The following formula was used for this transformation
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 1 − 𝑅𝑅𝑅𝑅𝑅𝑅 × 100%
						(5)
(Peddle et al., 2001):					
							
!
𝑅𝑅 ! = ! × 𝐶𝐶𝐶𝐶𝐶𝐶 ! × 100
Here, Yi′ is the estimated biomass and N is the number
						(2)
!!
of samples, while Yi represents the actual biomass obtained
by field measurements.
Here, R(λ) is the percent reflectance at wavelength X, L(λ)
is the canopy radiance at wavelength, S(λ) is the radiance
3. Results and discussion
from the calibration panel at wavelength, and Cal(λ) is the
3.1. Descriptive statistics
calibration factor. The reflectance values are converted
Statistical characteristics of the test areas were examined
into percentages by multiplying by 100.
in terms of biomass amount. Descriptive statistics results
Relationships between vegetation indices and
showed that biomass samples obtained from the study
biomass may not be linear depending on the presence of
areas had similar mean values at site 1 (~500 m) and site
saturation effect (He, 2008). For this reason, logarithmic
2 (~1200 m). On the other hand, the average biomass at
transformations (log10) were carried out to normalize
site 3 is approximately twice as much (~1400 m) (Table 2).
nonlinear relationships (Guo et al., 2000). Pearson’s
Therefore, it can be concluded that there is more grass at
correlation coefficient was used to explain the direction
site 3 than at other sites. Low range and standard deviation
and power of biomass correlations with vegetation indices
at ~1200 m compared to other areas indicate that the
(Guo et al., 2005). As a result of the correlation analysis,
samples collected in this area are more homogeneous. In
linear and exponential regression models were applied to
other words, it shows that the entire field has a similar
evaluate the biomass estimation performance of the highly
appearance. On the other hand, high standard deviation at
correlated indices.
site 1 indicates that the distribution is far from the average.
Ratio-based indices are known to be sensitive to
This can be considered as evidence of high heterogeneity.
saturation effects (Jiang et al., 2006). Therefore, three
Acquisition of skewness and kurtosis values between –1
categories were generated based on the amount of biomass
and +1 is considered an indication that the distribution
in order to identify the threshold for the emergence of the
does not deviate excessively from normal. In this context,
saturation effect. These include: (1) samples containing
it can be said that the data obtained at site 1 exceeded the
less than 1000 g/m2 of biomass, (2) samples containing less
than 2000 g/m2 of biomass, and (3) samples containing
normal distribution. However, when all data collected
Table 2. Descriptive statistics of biomass samples (g/m2).

624

Elevation

N

Min.

Max.

Range Mean

Std.

Variance

Site 1 (~500 m)

21

166.5

5605.6 5439.1 1314.6 1547.0 2393237.8 1.6

1.6

Site 2 (~1200 m)

21

364.4

2553.4 2189.0 1385.3 579.9

0.2

–0.7

Site 3 (~1400 m)

21

873.9

5480.4 4606.5 2586.9 1362.6 1856795.4 0.6

–0.4

All samples

63

166.5

5605.6 5439.1 1762.2 1351.2 1825774.0 1.1

0.7

336256.6

Skewness

Kurtosis
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from 63 sampling points are evaluated together, it is seen
that the skewness value (1.1) is slightly above the normal
distribution limit, and the kurtosis value (0.7) is within the
normal distribution limits.
3.2. Spectral properties
In this study, spectroradiometric measurements were
performed to determine the spectral characteristics
of grasslands that are located at different elevations.
Measurements were repeated for locations having different
environmental conditions for each test area. Reflectance
values were represented as a percentage for each location
and are demonstrated in Figure 2. When the reflection
curves of all three study areas are examined, the average
spectral curves of the different elevation steps are found
to be in complete agreement with the typical reflection
behavior of green vegetation. All results depicted typical
upland vegetation curves, with higher reflectance values
at a wavelength of 700 nm (near infrared) as compared
to visible wavelengths (400–700 nm) and a green peak
around 550 nm (Karabulut, 2018). However, if the
results are examined closely, it is understood that there
are considerable differences among them. For example,
the chlorophyll reflection region was depicted clearly for
sites 2 and 3 as compared to site 1 due to differences in
environmental conditions. Thus, the highest reflection
(20%) in the green region occurs at site 1; these high
reflectance values do not produce a distinct green peak.
In contrast, the green peak is more pronounced at ~1200
m and ~1400 m. Typical chlorophyll absorption regions
were demonstrated clearly in the visible wavelengths
of blue (400–500 nm) and red (650–670 nm) zones
(Karabulut, 2007). The red absorption zone is noticeable
in all three study areas. However, as elevation increases,
the chlorophyll absorption region is much more well
defined for sites 2 and 3 than site 1. Reflectance in the
near infrared region was measured as 40%–60% for all
locations; however, the infrared reflectance of site 1 (40%)
seems to be relatively low compared to the others. This
result may be related to grassland plant properties such as
leaf characteristics (plant density and leaf angle of different

species), physiological structure, and canopy architecture
(Karabulut, 2018). However, this overview allows
comparison of different altitudes, but it is not sufficient
to explain the variability within each test area. For this
reason, it is necessary to closely examine the reflection
characteristic of each sample area in detail.
The red absorption region (since this region is an
indicator of chlorophyll content) may provide information
that allows relative comparison of collected samples. In
this context, red absorption is highly variable among the
samples from 500 m (Figure 3). In other words, reflectance
values obtained from 21 quadrats indicate that the
grassland structure at ~500 m has a more heterogeneous
character. At site 2, this variability decreases, while site
3 values are very close to each other. In other words, the
reflectance values obtained at site 3 indicate that the area is
homogeneous with high chlorophyll content.
The spectral characteristic of the near infrared region
is related to the multiple scatterings of photons and is
controlled by the internal structure of the leaf (Psomas,
2008). From this point of view, the results indicate that
near infrared reflectance values at site 2 are higher (over
80% in some quadrats) and more variant among quadrats
than in other sample areas. This is closely related to the
field’s floristic characteristics because the dominant species

Figure 2. Mean spectral curves of sampling areas at different
elevations.

Figure 3. Spectral curves of the quadrats (Q) at different elevations.
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in the study area at ~1200 m are broad-leaved Trifolium
species. On the other hand, NIR reflectance is similar
(~40%–60%) for the data obtained at sites 1 and 3 due to
dominance of Hordeum species in those areas.
3.3. Regression analysis
Linear and exponential regression models were developed
to determine the relationships between the 63 biomass
samples collected from the field and ratio-based (SR)
and NDVI-based (NDVI) indices. Based on the results
obtained from these models, it was determined that
exponential models generated by SR (740, 780) and NDI3
(715, 726, 734, 747) are the models that best explain the
biomass variations. Linear models created using the same
indices revealed weaker relationships (Figure 4). The main
reason for this is the saturation problem (also known as
saturation effect or saturation phenomenon) arising due to
the increase in biomass.
In order to reveal the effects of the saturation problem,
the dataset was divided into three threshold categories.
These categories were determined as the sampling of
biomass less than 1000 g per m2 (–1000 g/m2), the sampling
of biomass less than 2000 g per m2 (–2000 g/m2), and the
sampling of biomass more than 2000 g per m2 (+2000 g/
m2). Consequently, it is seen that the scattering points up
to 2000 g/m2 are positioned very close to the regression
line in both linear and exponential models, whereas after
+2000 g/m2 the points move away from the regression line
(Figure 4).
In order to further monitor the position of the
samples in the biomass category, their status in linear
and exponential models was analyzed, and thus their
performance in the prediction of the SRs and NDVIs was
assessed separately depending on the biomass amount.
3.2.1. Performance of SRs for estimating biomass
A comparative correlation analysis was applied to
determine the relationship between vegetation indices
and biomass data collected from the field. The results
indicate that all vegetation indices have significant positive

correlations with aboveground biomass. Linear and
exponential regression models with the first 5 highest
correlations with the thresholds based on biomass amount
are as shown in Table 3.
The results demonstrate that the linear model with SR
(720, 740) is the strongest model (r = 0.835, R2 = 0.70) for
samples with less than 1000 g/m2 biomass. Although the
same index is the strongest explanatory exponential model
created for this category, the coefficient of determination
is well below the linear model. However, in cases where
biomass reaches up to 2000 g/m2, the exponential model
produces higher determination of coefficients than the
linear model. This can be considered as an indication
that the effects of the saturation problem have started.
As a matter of fact, when biomass exceeds 2000 g/
m2, relationships are very weak, and it is not feasible to
produce meaningful results from linear models. From the
regression analyses and results it can be concluded that the
above-mentioned vegetation indices are useful for biomass
estimations.
3.2.2. Performance of NDVIs for estimating biomass
Linear and exponential regression models were developed
to measure the relationships between the thresholds
established by the amount of biomass and the 17 published
NDVIs. The linear and exponential regression models of
the first five with the highest correlations are shown in
Table 4.
The results showed that the model showing the
strongest relationship (r = –0.860; R2 = 0.74) in samples
with biomass less than 1000 g/m2 was a linear model with
NW-3 (920, 970). In contrast, exponential models have
weaker determination of coefficients for describing biomass
variations in samples of less than 1000 g/m2 biomass. In
the category of biomass up to 2000 g/m2, the linear and
exponential models produce similar results in explaining
biomass variations and representing a strong relationship
(R2 = 0.85). In cases where biomass is above 2000 g/m2, the
relationships are quite weak in NDVIs as well as in SRs.

Figure 4. Relationship between actual and estimated biomass values with linear vs. exponential model fit.
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Table 3. Linear and exponential models for SR.
Category

Up to 1000 g/m (n = 24)
2

Up to 2000 g/m (n = 42)
2

SRs

r

SR (720, 740)

0.835** 0.70 y = 1240.600x – 1104.200 120.9

0.242 75.8

SR (710, 750)

0.823** 0.68 y = 438.530x – 238.270

124.9

0.249 75.1

SR (550, 750)

0.822** 0.68 y = 162.560x + 36.235

125.3

0.252 74.8

SR (705, 750)

0.819** 0.67 y = 298.270x – 70.807

126.3

0.252 74.8

SR (550, 801)

0.817** 0.67 y = 142.520x + 70.087

126.8

0.253 74.7

SR (550, 750)

0.854** 0.73 y = 317.24x – 305.50

277.3

0.273 72.7

SR (550,800)

0.853** 0.73 y = 283.20x – 298.70

274.6

0.279 72.1

SR (550, 801)

0.852** 0.73 y = 282.75x – 297.83

274.8

0.279 72.1

SR (560, 810)

0.849** 0.72 y = 273.48x – 260.86

277.4

0.280 72.0

SR (720, 740)

0.830** 0.69 y = 2521.30x – 2690.30

292.9

0.290 71.0

SR (R740, R780)

0.459*

912.1

0.268 73.2

SR (650, 675, 700)

0.403

More than 2000 g/m2 (n = 21) SR (415, 710)

Category

Up to 1000 g/m (n = 24)
2

Up to 2000 g/m2 (n = 42)

R2

Model (linear)

0.21 y = 15201x – 15419

RMSE (g/m2) REE

Precision (%)

0.390

VIopt1 (730, 760)

0.389

SR (415, 695)

0.384

SRs

r

R2

SR (720, 740)

0.79**

0.62 y = 19.608e2.4297x

157.6

0.282 71.8

SR (710, 750)

0.772** 0.60 y = 108.32e0.8516x

162.8

0.289 71.1

SR (675, 700)

–0.772** 0.60 y = 2003.1e

–2.217x

138.2

0.278 72.2

VIopt1 (730, 760)

0.766** 0.59 y = 4.5428e3.8812x

178.7

0.286 71.4

SR (705, 750)

0.764** 0.58 y = 150.76e

0.5767x

162.2

0.292 70.8

SR (720, 740)

0.878** 0.77 y = 7.3844e3.2372x

337.8

0.305 69.5

SR (550, 750)

0.875** 0.77 y = 156.72e

0.3951x

302.0

0.327 67.3

SR (550, 801)

0.873** 0.76 y = 167.57e0.3521x

307.1

0.327 67.3

SR (550, 800)

0.873** 0.76 y = 167.73e

0.3516x

307.4

0.327 67.3

SR (560, 810)

0.871** 0.76 y = 175.29e0.3405x

311.7

0.330 67.0

SR (R740, R780)

0.485*

4.5629x

0.24 y = 11.462e

921.6

0.282 71.8

SR (415, 710)

0.452*

0.20 y = 1496.2e5.6159x

961.9

0.295 70.5

0.445*

0.20 y = 1781.8e

955.6

0.294 70.6

More than 2000 g/m (n = 21) SR (650, 675, 700)
2

DI1 (550, 800)

–0.414

VIopt1 (730, 760)

0.394

Model (exponential)

0.0743x

RMSE (g/m2) REE

Precision (%)

*: Significance at 0.05 level; **: significance at 0.01 level.

Therefore, both linear models and exponential models did
not provide any useful results for biomass prediction.
3.3.3. Suitable SRs and NDVIs for biomass estimation
based on grassland characteristics
The findings of this study show that the performance of
SRs and NDVIs in biomass prediction is directly related
to grassland structure (Figures 5 and 6). In other words,
the model to be established for biomass estimation should
be selected by taking into account grassland characteristics
depending on the amount of grass in the unit area. The

main reason for this is that the saturation problem arises
as biomass quantity increases and the indices used after
a certain threshold are not able to provide meaningful
explanations about the variations that occur in biomass.
The findings of our study are consistent with the results
of previous studies (Todd et al., 1998; Cho et al., 2007;
He, 2008; Shen et al., 2008). It has been found that linear
models constructed from NDVI-based indices produce
useful results for biomass estimation when the biomass
amount does not exceed 1000 g/m2. The most powerful
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Table 4. Linear and exponential models for NDVIs.
NDVIs

r

NW-3 (920, 970)

–0.860** 0.74 y = –18751x + 211.5

112.1

0.227 77.3

NDVI (550, 780)

0.856** 0.73 y = 1603.6x – 261.16

113.5

0.234 76.6

NDVI (550, 801)

0.856** 0.73 y = 1603.8x – 270.26

113.8

0.234 76.6

GNDVI (550, 750)

0.855** 0.73 y = 1628.5x – 249.8

113.9

0.235 76.5

NDVI (708, 760)

0.852** 0.73 y = 1772.2x + 3.2409

115.1

0.233 76.8

NW-3 (920, 970)

–0.924** 0.85 y = –29797.0x + 68.81 200.7

0.227 77.3

NW-4 (880, 970)

–0.913** 0.83 y = –25904.0x + 248.5 214.0

0.252 74.8

NW-1 (900, 970)

–0.912** 0.83 y = –28442.0x + 174.91 215.1

0.229 77.1

NW-2 (850, 970)

–0.889** 0.79 y = –25121.0x + 471.54 240.3

0.292 70.8

NDVI (550, 780)

0.835** 0.70 y = 3388.7x –1043.1

0.452 54.8

NDVI (531, 550)

–0.415

NDVI (533, 565)

–0.36

More than 2000 g/m2 (n = 21) NDVI (531, 570)

0.338

Category

Up to 1000 g/m (n = 24)
2

Up to 2000 g/m (n = 42)
2

NDVI (440, 573)

R2

Model (linear)

RMSE (g/m2) REE

289.1

Precision (%)

–0.297

DD (670, 700, 720, 750) –0.258
Category

Up to 1000 g/m (n = 24)
2

Up to 2000 g/m2 (n = 42)

NDVIs

r

NW-3 (920, 970)

–0.849** 0.72 y = 250.32e–38.32x

133.4

0.270 73.0

NW-4 (880, 970)

–0.846** 0.72 y = 293.7e–37.79x

131.0

0.290 71.0

NW-1 (900, 970)

–0.845** 0.71 y = 272.2e

138.7

0.279 72.1

NDVI (708, 760)

0.823** 0.68 y = 167.63e3.5438x

134.1

0.263 73.7

NDVI (705, 750)

0.823** 0.68 y = 171.3e

131.0

0.264 73.6

NW-3 (920, 970)

–0.924** 0.85 y = 271.71e–36.18x

243.2

0.259 74.1

NW-1 (900, 970)

–0.907** 0.82 y = 310.79e

–34.33x

273.8

0.289 71.1

NW-4 (880, 970)

–0.903** 0.82 y = 341.11e–31.12x

281.0

0.295 70.5

NDVI (550, 780)

0.895** 0.80 y = 59.093e

4.4101x

275.4

0.293 70.7

GNDVI (550, 750)

0.894** 0.80 y = 61.462e4.4611x

275.8

0.296 70.4

NDVI (531, 550)

–0.465* 0.22 y = 15075e

949.4

0.288 71.2

NDVI (440, 573)

–0.354

R2

Model (exponential)

–39.21x

3.2445x

–18.58x

RMSE (g/m2) REE

Precision (%)

More than 2000 g/m2 (n = 21) DD (670, 700, 720, 750) –0.347
NDVI (533, 565)

–0.301

NDVI (531, 570)

0.274

*: Significance at 0.05 level; **: significance at 0.01 level.

biomass prediction model was produced with the NW-3
index (920, 970) for this study. In other words, when the
index was modeled in a linear form, it yielded the highest
correlation and the highest R2 value (0.74) for weak
biomass samples.
In cases where the amount of grass reaches up to 2000
g/m2, the saturation problem starts to effect SRs. The most
important indicator of this is that the exponential models
begin to produce more explanatory results (Figures 7
and 8). On the other hand, NDVIs are less sensitive to
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saturation than SRs. The most important indicator of this
is that linear and exponential models have R2 values at
similar levels. There are many NDVI-biomass models with
different remote sensing tools and band combinations in
the literature available for different grassland characteristics
(Todd et al., 1998 [R2 = 0.66]; Cho et al., 2007 [R2 = 0.42];
He, 2008 [R2 = 0.82]; Shen et al., 2008 [R2 = 0.86]). When
compared to the results of previous studies, it can be said
that the R2 value (0.85) obtained in our study is quite good.
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Figure 5. Relationship between biomass and SRs with linear vs. exponential model fit.

Figure 6. Relationship between biomass and NDVIs with linear vs. exponential model fit.

The results of this study have not yielded any useful
results in cases where the amount of available grass is
greater than 2000 g/m2. Both SRs and NDVIs do not
exhibit linear or exponential behavior due to the saturation
effect of high amounts of biomass. Although there were
studies in the past trying to solve this problem (Mutanga
and Skidmore, 2004), the literature is still lacking solutions
for the saturation effect in remote sensing (Chang and
Shoshany, 2016).
3.4. Conclusions
Grasslands play a major role in the global climate
balance and the continuation of the global carbon cycle.
Information on the productivity of grassland ecosystems
can be monitored via biomass assessment. Biomass is the

most critical component of complex ecological processes
in grasslands. Therefore, in terms of economic and
ecological sustainability, it is necessary to continuously
monitor grasslands both temporally and spatially. In this
study, the ratio-based indices of SRs and NDVIs were
investigated for their biomass predictive performance in
grasslands. In this context, indices based on 14 SRs and
17 NDVIs, which are frequently used in the literature,
were calculated, and linear and exponential relations were
evaluated with biomass samples collected from the field.
The results show that the performance of vegetation indices
is strictly dependent on grassland characteristics such as
the amount of biomass. On the other hand, it has been
determined that the question of which vegetation index
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Figure 7. Comparison of SRs’ R2 values for biomass estimation based on grassland characteristics.

Figure 8. Comparison of NDVIs’ R2 values for biomass estimation based on grassland characteristics.

to use to construct the model is more important than the
question of whether biomass prediction should be done
with linear or exponential models. Even for low biomass
samples with no saturation effect and linear relationship
with vegetation indices, exponential models established
with NDVIs rather than linear models established with
SRs yielded higher prediction power. In addition, it has
been observed that the saturation effect in areas containing
high amounts of biomass is a significant problem for ratiobased indices and does not produce any useful results for
biomass estimates.
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Overall, this study revealed that the spectral reflectance
of grasslands varies depending on the amount of biomass
in the study area. Therefore, it is necessary to know the
vegetation characteristics of plants for accurate and reliable
assessment of biophysical properties based on spectral
measurements. The results derived from this study proved
that less than 2000 g/m2 of biomass can be easily modeled
and estimated with remote sensing methods. This study
also suggests that the data collected in sparsely vegetated
areas would be more appropriate to study biomass
prediction using remote sensing techniques.

KARAKOÇ and KARABULUT / Turk J Bot
Finally, this study has demonstrated that monitoring
grasslands using close-range remote sensing methods could
lead to better understanding of the biophysical properties
of grazing lands and may improve our knowledge about
the environmental conditions of such areas.
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